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ED (emergency department) overcrowding is a problem faced by hospitals worldwide.  
Several studies have been performed to find solutions, but only few have proposed to decrease the 
length of stay by employing a radiologist in the ED. This study aims to improve emergency care in 
an Eastern European ED by measuring the parameters of crowding, introducing interventions based 
on the results, and evaluating their outcomes. As the length of stay is a typically skewed distribu-
tion variable, robust quantile regression is applied. The number of patients visiting the ED was 
measured from July 2014 to December 2015. The input, throughput and output parameters of ED 
crowding were evaluated throughout this period. The time intervals between the various stages of 
patient visits to the ED significantly decreased during the study period. The continuous measure-
ment of ED process parameters is important to maintain time intervals within a specified range. 
Decreased process times between the pre- and post-intervention phases of the study were obtained 
by introducing several staff-centric changes. The presence of a dedicated radiologist in the ED has 
significantly decreased the turnaround times of imaging studies. 
 
KEYWORDS: quantile regression, emergency medicine, crowding 
EM (emergency medicine) was established in the second half of the 1960s 
and introduced simultaneously in the United States and the United Kingdom  
(Zink [2006]). However, it was only founded in Eastern Europe decades later; in 
Hungary, for example, the first emergency protocol was released in 1996. Therefore, 
most studies on ED (emergency department) structure, function and problems with 
overcrowding have been performed in the United States, with no data available on 
crowding difficulties in Eastern Europe. 
The biggest problem within EDs is overcrowding, which occurs not only in the 
United States but also globally (Derlet [2002], Moskop et al. [2009]). In light of the 
lack of Eastern European EM data, this study addresses the current situation and 
level of crowding in a Hungarian ED. The staff in our ED have experienced long 
waiting times and patient dissatisfaction related to crowding (Hansagi–Carlsson–
Brismar [1992]), and identified this as an area to be addressed. The main causes of 
crowding can differ by country and healthcare system (Jayaprakash et al. [2009], 
Pines et al. [2011]); some causes contribute to crowding at the regional level  
(ACEP [2016], Derlet–Richards–Kravitz [2001], Forster et al. [2003]). 
This study analyses the characteristics of overcrowding (i.e. input, through-
put, and output measures) in this ED to improve emergency care. In addition, we 
implement a system that allows for the continuous monitoring of the throughput 
parameters. Based on these data, several result-driven changes are implemented 
and the crowding measures are continuously assessed. As a component of  
the throughput measures, the turnaround times of imaging studies are also  
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evaluated to assess delays. After the recognition of delays in this area, a part-time 
radiologist is hired.  
The turnaround times for imaging studies are then compared between the days 
on which a radiologist is working and the days on which s/he is absent from the ED. 
Detailed statistical analysis using QR (quantile regression) can provide insights 
into improvements in LOSs (lengths of stay). Because of the technical problems with 
OLS (ordinary least squares) estimation as well as to better understand  
the LOS structure, we apply QR.  
The remainder of the paper is constructed as follows. Section 1 describes the 
data in our context, followed by the applied methods in Section 2. The results pre-
sented in Section 3 are discussed in Section 4. Finally, we conclude. 
1. Materials 
The study took place in Bács-Kiskun County Hospital and Teaching Hospital 
of University of Szeged, an 1185-bed teaching facility that services around one mil-
lion local residents. The hospital contains a high-level trauma centre that provides 
healthcare services for emergency trauma patients, and our ED mostly serves internal 
medicine, neurology, and other emergency patients. The ED was established in 2010 
after different internal medicine outpatient clinics were merged; therefore, this is the 
main profile of the department. On admission, patients are recorded in the electronic 
registration system before being moved directly to triage. From there, patients enter 
either the waiting room or the examination area if a bed is available. For life-
threatening conditions that requires immediate care, patients are transferred to the 
resuscitation room immediately after triage. Following the initial examination and 
start of treatment, patients have to wait for their test results in the waiting room or 
observational area. The observational area contains 16 beds and includes a high-
dependency care unit with four beds, and two isolation rooms containing a total of 
four beds. The Canadian Triage and Acuity Scale is used to classify patients on ad-
mission. 
Based on Asplin et al. [2003], we identified the input, throughput and output 
parameters of our ED. Our measurements overlapped with the quantified crowding 
measures that Beniuk–Boyle–Clarkson [2012] found to be the most important in their 
Delphi study. 
Measurements were recorded for every patient attending our ED between  
1 July 2014 and 31 December 2015. July 2014 was designated the pre-intervention 
phase. During the following 17 months, the parameters were continuously measured, 
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and several interventions were introduced to improve the quality of care.  
December 2015 served as the post-intervention phase. 
The number of visits was recorded, and their daily and hourly distribution was 
analysed as the input parameters. The throughput measurements included the time of 
registration, triage, first physician contact, and admission or discharge. These data 
were used to determine the time interval from registration to triage, from triage to 
first physician contact, from first physician contact to discharge or admission, and 
the LOS. The time of request and receipt of radiology imaging (i.e. X-ray, ultra-
sound, and CT [computed tomography]) was also acquired from the hospital’s regis-
tration system. The output parameters included patients who left without being seen 
and the mortality rate. In addition, the admission rate and departments that admitted 
patients were also recorded. A paper-based administration interface was used to rec-
ord the throughput parameters. 
2. Methods 
The data retrieved from the hospital’s registration system were cleaned (some 
entries had contradictory or missing timings) using the available information, and we 
had to delete about 0.3% of observations because of missing variables. Categories 
were merged for the inpatient care departments. 
A descriptive statistical analysis of the time intervals was subsequently per-
formed, with the results compared using Kruskal–Wallis and Mann–Whitney U tests 
to avoid distribution-related constraints. The time intervals of the pre- and post-
intervention phases were compared using a Mann–Whitney U test. Several measures 
were introduced after analysing the results from the pre-intervention period. A part-
time radiologist was hired in March 2015 to perform ultrasounds and analyse the  
X-ray and CT images for the ED. The turnaround times for the radiology examina-
tions were measured between March 2015 and December 2015. The days on which 
the radiologist was working in the ED (always on the same days of the week) were 
compared with the days on which the imaging studies were performed in his/her 
absence. To avoid the problems caused by non-normal distributions, Mann–Whitney 
U tests were again used to assess the effect of employing an ED radiologist on the 
turnaround times for imaging studies. 
To control for the factors that affect the impact of the presence of the radiolo-
gist, we applied linear multivariate regressions. To avoid the problems caused by the 
non-normality of the residuals, we used the robust QR method in addition to OLS. 
QR allows us to estimate not only the median instead of the mean but also the other 
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quantiles such as the first quartile, third quartile, and 90th percentile. These estima-
tions allow us to better understand the structure of the data and have deeper insights 
into the evolution of the service. 
The original idea of QR is relatively old (Koenker–Basset [1978], Koenker 
[1982]), but its first applications ‘arrived’ around the millennium (Gilchrist [2000], 
Garcia–Hernandez–Lopez-Nicolas [2001], Koenker–Hallock [2001]), and  
Koenker [2005] ‘opened the door’ for the widespread use of this method  
(Waldmann [2018]). By that time, computing capacities had already allowed general 
users to apply QR to relatively large datasets. Compared with OLS regressions,  
QR is thousand times more computationally intensive (Vidoni–Reininger– 
Lee [2019]). 
Conditional mean-based OLS regression has several limitations (Hao– 
Naiman [2007]). As it focuses on the central measure of the mean, information about 
the tails is limited, even though these regions of the distribution are more interesting 
in many cases (e.g. extreme losses in finance, extreme income groups of the popula-
tion [inequalities], and extreme diagnostic values in medicine) (Rodriguez-Caro–
Vallejo-Torres–Lopez-Valcarel [2016]). As a related problem, the mean–standard 
deviation pair does not describe the shape of the distribution. For heavy-tailed distri-
butions, the mean is a misleading measure, and so is the conditional mean-based 
regression (Lew–Ng [2011], Sauzet et al. [2019]). As the median or quantiles tend 
not to be sensitive to outliers, conditional QR is more appropriate (Hao– 
Naiman [2007]).  
Additionally, quantile-based standard errors and related tests do not suppose 
the normality of the residuals, so QR is distribution free. These features make  
QR suitable for our dataset where the response variable is a highly skewed distribu-
tion and a focus on high values is important to ameliorate the service. 
The quantiles were defined through the cumulative distribution function. For a 
random variable Y, the cumulative distribution function is     .YF y P Y y    
The τ -th quantile is defined as 
                                                    : .τ Yq Y inf y F y τ   /1/ 
QR evaluates the conditional quantiles,  |τq Y X  defined by 
                                                 | :τ Y Xq Y X inf y F y τ    /2/ 
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without supposing that an explanatory variable has the same impact at different 
quantiles. In the standard from of QR, we suppose that the impact of the X variables 
is linear: 
                                                           ,|τq Y X X  τβ   /3/ 
where τβ  is the vector of the coefficients of explanatory variables (including the  
constant). To estimate the parameters, we use optimization: 
                                                   
1
1argminˆ ,
n
τ τ i
b i
q Y ρ Y b
n 
    /4/ 
where  .τρ  is defined as     0 .τρ u u τ I u    In the case of the median, it is 
simply half the absolute value. In the case of standard QR with a linear combination 
of the explanatory variables, we obtain 
                                                  argmin .τ iE ρ Y X   τ ββ β   /5/ 
The loss function is linear; in the case of the median, it is the least absolute de-
viation estimator (Koenker [2005]). The non-parametric tests were executed in 
SPSS24, while the regressions were run in gretl-2019c. 
3. Results 
The baseline values during the pre-intervention phase were initially deter-
mined before the observations continued over the 17-month period; however, sev-
eral measures were introduced during this time to improve the quality of patient 
care. The total number of ED visits during the study period was 44,187.  
Their daily numbers varied throughout, with an average of 72.5 patients/day  
(SD [standard deviation] = 14.7) in July 2014 compared with 77 patients/day  
(SD = 14.3) in December 2015. (See Figure 1.) This increase may have occurred 
because of the reorganization of the administrative regions of the healthcare sys-
tem, including the closure of several regional hospitals. 
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Figure 1. Daily visits to the emergency department  
20
30
40
50
60
70
80
90
100
110
120
01
 Ju
ly
 2
01
4
01
 A
ug
us
t 2
01
4
01
 S
ep
te
m
be
r 2
01
4
01
 O
ct
ob
er
 2
01
4
01
 N
ov
em
be
r 2
01
4
01
 D
ec
em
be
r 2
01
4
01
 Ja
nu
ar
y 
20
15
01
 F
eb
ru
ar
y 
20
15
01
 M
ar
ch
 2
01
5
01
 A
pr
il 
20
15
01
 M
ay
 2
01
5
01
 Ju
ne
 2
01
5
01
 Ju
ly
 2
01
5
01
 A
ug
us
t 2
01
5
01
 S
ep
te
m
be
r 2
01
5
01
 O
ct
ob
er
 2
01
5
01
 N
ov
em
be
r 2
01
5
01
 D
ec
em
be
r 2
01
5
Pa
tie
nt
 c
ou
nt
 p
er
 d
ay
Days  
 
The busiest days of the week and the busiest hours of each day were also deter-
mined. The highest number of patients arrived on Mondays, with 91.7 visits on aver-
age, which was significantly different from all the other days (all Mann–Whitney test  
p values = 0.000). Patients arrived less frequently at weekends (also significantly dif-
ferent from all weekdays; all Mann–Whitney test p values = 0.000). The rest of the 
week was approximately equally attended on a daily basis (Kruskal–Wallis test p value 
= 0.323 for Tuesday–Friday). When determining which part of the day was the busiest, 
a peak was identified between 10:00 a.m. and 12:00 p.m. (See the Table.) These results 
led to a change in the work schedule of physicians to ensure that most were present at 
work during the peak hours on the busiest days. This reorganization of human re-
sources was implemented to avoid a shortfall in healthcare providers. Therefore, fewer 
physicians worked at weekends, while more worked on Mondays and Fridays. Nurse 
numbers were also adjusted in the areas with the greatest need and as such more nurses 
were added to triage. 
Different time intervals were calculated from the raw temporal data to determine 
the throughput parameters, which were used to characterize the functioning of the ED. 
However, the structure of our ED changed dynamically during the study period, which 
decreased the number of study parameters. Despite an increase in the number of pa-
tients between July 2014 and December 2015, the time between arrival and triage was 
found to have decreased by 36.2% during this period, from 7 minutes 35 seconds  
(SD = 12.80) to 4 minutes 50 seconds (SD = 8.63; Mann–Whitney p value = 0.000). 
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This decrease was mainly due to the redistribution of human resources. Although the 
need to add triage nurses to the system during peak times was identified, it was also 
deemed important to not waste human resources. Therefore, a flexible system was 
developed whereby work hours were shifted so that the more occupied the ED was,  
the more nurses worked in triage. 
Busiest days and hours in the emergency department 
Time of arrival 
Average number of patients 
Monday Tuesday Wednesday Thursday Friday Saturday Sunday in the given hour 
0–1 1.41 1.51 1.31 1.23 1.24 1.60 1.66 1.42 
1–2 1.12 1.01 1.00 1.05 0.90 1.20 1.59 1.12 
2–3 0.77 0.95 0.89 0.90 0.94 0.99 1.17 0.94 
3–4 0.85 0.65 0.70 0.61 0.66 0.76 1.11 0.76 
4–5 0.73 0.88 0.92 0.76 0.71 0.91 0.82 0.82 
5–6 1.10 0.78 0.87 0.86 0.85 0.91 0.93 0.90 
6–7 1.47 1.09 1.23 1.01 1.15 1.15 1.27 1.19 
7–8 2.86 2.65 2.52 2.45 2.54 1.85 1.71 2.37 
8–9 4.95 4.72 4.63 4.81 4.23 2.79 2.61 4.10 
9–10 6.59 6.12 6.35 5.99 5.56 3.59 3.74 5.42 
10–11 8.63 6.86 7.49 6.27 6.45 3.73 4.51 6.28 
11–12 8.00 6.10 6.42 6.51 7.04 3.90 4.05 6.00 
12–13 7.36 5.10 5.66 5.22 6.39 4.01 3.89 5.37 
13–14 6.60 5.85 5.27 5.40 5.99 3.46 3.35 5.13 
14–15 6.33 5.42 5.40 5.60 5.73 3.50 3.79 5.11 
15–16 5.85 6.04 5.35 5.51 5.30 3.33 3.44 4.97 
16–17 5.46 5.12 4.58 5.13 4.24 3.04 3.11 4.38 
17–18 4.27 5.16 4.55 4.94 3.66 3.59 3.26 4.20 
18–19 3.89 3.70 3.43 3.94 3.61 3.34 2.99 3.56 
19–20 3.27 3.12 3.20 2.98 3.00 2.78 3.13 3.07 
20–21 3.23 3.20 2.75 3.12 3.33 2.90 2.89 3.06 
21–22 2.80 2.25 2.99 2.69 2.72 2.20 3.16 2.69 
22–23 2.15 2.10 1.95 2.11 2.00 2.54 2.60 2.21 
23–24 1.95 1.91 2.02 1.60 1.94 2.18 1.72 1.90 
Average number 
of patients on 
the given day 91.65 82.30 81.48 80.66 80.18 60.24 62.49 76.98 
Note. The colours indicate the average number of patients from the smallest (dark blue) to the greatest (dark red).  
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The time interval between triage and first physician contact also decreased sig-
nificantly (Mann–Whitney p value = 0.000) during the study period. The average 
waiting time during the pre-intervention period was 56 minutes (SD = 43.39), which 
was considered to be too long. In July 2014, those that worked in the ED were main-
ly internal medicine specialists, as EM was still in its infancy in Hungary.  
As this specialty began to develop, more EM experts were employed and a higher 
level of emergency care could be provided. With these advances in specialist care, 
the average time from triage to first physician contact decreased to 39 minutes  
(SD = 31.65). (See Figure 2.) 
Figure 2. Mean waiting time between triage and first physician contact in the emergency department 
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At the start of this study, there were long waiting times; however, no objective 
data were available. Therefore, our study aimed to both determine and decrease the 
LOS. In July 2014, the LOS was 5 hours 24 minutes (SD = 296); however,  
by the end of the study period, it had decreased significantly to 4 hours 8 minutes  
(SD = 221; Mann–Whitney p value = 0.000). (See Figure 3.)  
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Figure 3. Number of emergency department visits and mean length of stay 
 
 
After evaluating the LOS at pre-intervention, we decided to make modifica-
tions to decrease it based on previous research (Cournane et al. [2016]). As a result, 
an ED radiologist was hired to perform ultrasounds and interpret X-rays and  
CT images. Significant differences were observed in the turnaround times of all the 
imaging studies between the days on which the radiologist worked in the department 
and those on which s/he was absent. The mean turnaround time for X-ray studies  
was 80.97 minutes (SD = 69.98) with the on-site radiologist and 88.51 minutes  
(SD = 79.56) without (Mann–Whitney p value = 0.000). The average turnaround 
time for CT examinations was 93.77 minutes (SD = 83.57) on the days on which  
the radiologist was present and 110.50 minutes (SD = 86.26) in his/her absence 
(Mann–Whitney p value = 0.000). However, the largest difference was observed  
in the turnaround time for ultrasound examinations, which showed an improvement 
of 17%. The ultrasound turnaround time was 58.27 minutes (SD = 79.16) on the days 
on which the radiologist was working and 70.23 minutes (SD = 99.27) in his/her 
absence (Mann–Whitney p value = 0.000). (See Figure 4.) 
In our models, we controlled for the average daily number of patients (which 
correlates with the LOS), weekend days (which result in a longer LOS), dis-
charge/admission (compared with the reference discharge group which results in a 
longer LOS), the pre-intervention (July 2014) and post-intervention (December 
2015) phases (with the intervention phase as the reference), and the presence of the 
radiologist (three days a week from March 2015). We used two dependent variables, 
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namely, the LOS and the time from first physician contact to discharge or admission, 
with the latter more directly related to the activity of the radiologist. 
Figure 4. Average turnaround times of ultrasound, X-ray and CT imaging  
studies in the presence and absence of the on-site radiologist 
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The LOS was positively affected by the average daily number of patients  
(23 s ± 0.11, p = 0.000 in OLS; 44 s ± 0.09, p = 0.000 in QR; 28 s ± 0.10, p = 0.000 
for the 25th percentile; 38 sec ± 0.13, p = 0.000 for the 75th percentile;  
and –3 s ± 0.33, p = 0.891 for the 90th percentile) except for the longest time decile, 
where no significant impact was observed. This may have been caused by the specif-
ic needs of some patients rather than the number of patients. At weekends, the LOS 
was significantly longer (21 min 28 s ± 4.02, p = 0.000 in OLS and 18 min 5 s  
± 3.39, p = 0.000 in QR), and this impact was proportional in the longer LOS time 
groups. This effect may have been caused by the lower number of physicians work-
ing weekends, including ED staff, radiologists, and laboratory specialists.  
Discharged patients, ceteris paribus, spent longer time in the ED (1 h 23 min 44 s ±  
2 min 22 s, p = 0.000 in OLS and 1 h 13 min ± 2.00, p = 0.000 in QR) and the impact 
was significant at all LOS time percentiles. For an unambiguous clinical situation  
(e.g. stroke or myocardial infarction), the patient needs a fast intervention and there-
fore the LOS is short. If the problem needs more time to diagnose, then more exami-
nations may be needed and the LOS is longer. This could explain these results.  
We also controlled for general improvements in the service to analyse the partial 
PERFORMANCE IMPROVEMENT OF AN EMERGENCY DEPARTMENT  71 
HUNGARIAN STATISTICAL REVIEW, VOLUME 3, NUMBER 1, PP. 60–76. DOI: 10.35618/hsr2020.01.en060 
effect of the radiologist’s presence. All the models confirmed the significant decrease 
in the LOS during the intervention phase compared with the pre-intervention phase 
(55 min 16 s ± 6.01, p = 0.000 in OLS and 39 min 44 s ± 4.73, p = 0.000 in QR); this 
decrease was almost 2 hours in the worst 10% of cases (1 h 53 min 58 s ± 25.56,  
p = 0.000). A further significant improvement was noted between the intervention 
and post-intervention phases (–22 min 17 s ± 4.67, p = 0.000 in OLS), but this was 
caused by the further decrease of long LOS times (–14 min 15 s ± 6.80, p = 0.036 for 
the 75th percentile and –1 h 5 min 33 s ± 13.67, p = 0.000 for the 90th percentile) 
and non-significant decrease below median times. Finally, the presence of the radiol-
ogist had no significant impact overall (–3 min 59 s ± 2.78, p = 0.152 in OLS), only 
in the upper percentiles (–7 min 22 s ± 3.59, p = 0.040 for the 75th percentile and  
–18 min 52 s ± 9.25, p = 0.041 for the 90th percentile). 
As the presence of the radiologist had no real impact at the beginning (before 
first physician contact), we ran the same regressions for the time from first physician 
contact to discharge or admission. The daily average number of patients was not 
significant (at 5%) in either model, which means that peaks influence other phases 
(triage and before). Weekends also weakly affect the time from first physician con-
tact to discharge or admission (+12 min 27 s ± 5.04, p = 0.014 in OLS and  
+ 13 min 6 s ± 4.11, p = 0.000 in QR), but neither short nor long times are concerned  
(p > 0.6). Time from first physician contact to discharge is significantly longer in 
weekends than weekdays (1 h 54 min 34 s ± 3.01, p = 0.000 in OLS and  
1 h 36 min 6 s ± 2.47, p = 0.000 in QR), and the impact of weekends is high for very 
long times from first physician contact to discharge (> 3 h 42 min in the 90th percen-
tile). As previously described, admitted patients suffering from serious disease need 
to spend less time in the ED and, after stabilization, are transferred directly to the 
appropriate department. For discharged patients, the clinical situation is rarely as 
clear as with admitted patients suffering from a serious disease. The decision to dis-
charge or admit someone is difficult and needs more examination time or the patient 
needs a few more hours of observation. Furthermore, some diseases can be cured in 
the ED but this needs more time. The decrease in time from first physician contact to 
discharge or admission between the pre-intervention and intervention phases was 
significant overall (–33 min 52 s ± 7.31, p = 0.000 in OLS and –22 min 29 s ± 6.28, 
p = 0.000 in QR) but not significant for short waiting times and highly significant for 
long times (–1 h 40 min 35 s ± 25.59, p = 0.000 for the 90th percentile). This means 
that the first interventional steps could affect the most serious medical problems, 
with extremely long waiting times being cut. An improvement between the interven-
tion and post-intervention phases is less important (–19 min 54 s ± 6.21, p = 0.001 in 
OLS and –2 min 55 s ± 6.14, p = 0.636 in QR) but it is significant for short times  
(–11 min ± 3.22, p = 0.000 for the 25th percentile). This means that later reforms 
affected other elements and were successful in those fields that were not touched by 
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the first steps of the reorganization. The radiologist’s presence significantly de-
creased the overall time from first physician contact to discharge or admission as 
well as the different time categories (–11 min 6 s ± 6.21, p = 0.001 in OLS;  
–10 min 37 s ± 2.80, p = 0.000 in QR; –4 min 9 s ±1.96, p = 0.034 for the 25th per-
centile; –15 min ± 5.98, p = 0.012 for the 75th percentile; and –29 min 43 s ± 12.54, 
p = 0.018 for the 90th percentile). 
In summary, the first reforms affected the longest waiting times from first phy-
sician contact to discharge or admission while the later reforms had an overall flatter 
impact. Owing to the radiologist’s presence, general improvement in the service 
from first physician contact to discharge or admission was detected, especially in the 
case of long waiting times. To determine the output parameters, the percentage of 
patients admitted to the hospital was determined, as was their distribution by the 
respective departments. During the pre-intervention phase (July 2014), 50.5% of 
patients were admitted to the hospital; however, during the post-intervention phase 
(December 2015) only 43% were admitted, which amounted to a 7.5% decrease 
during the study period. In total, 20,388 patients were admitted, which accounted for 
44.7% of all ED visits. Most patients were admitted to the internal medicine depart-
ment (36.4%), followed by psychiatry (12.0%), pulmonology (11.2%), neurology 
(9.4%), gastroenterology (8.2%), general surgery (4.8%), invasive cardiology 
(3.3%), and urology (2.5%). The percentage of patients who left without being seen 
remained almost the same (0.9% in July 2014 and 1% in December 2015) and  
the number of patients who died in the ED during the study period was 72. 
4. Discussion 
While several studies examine overcrowding in EDs in the United States  
and Western Europe, there are no comparable studies for Eastern Europe  
(Doupe et al. [2018], Hwang et al. [2011], Rathlev et al. [2018]). Pines et al. 
[2011] summarized the crowding situation in several entities including Hong 
Kong, India, Iran, and Saudi Arabia, but none in Eastern Europe. Therefore, our 
study bridges a gap in the literature. 
Efficiency, or lean thinking, is crucial to improving ED performance  
(Holden [2011]). Our study reported on an improvement project whose steps had 
been presented in the literature. First, we used a paper-based technique to record the 
timing of all the throughput steps and introduced the continuous monitoring of per-
formance (likewise Eller [2009]). Only few studies had presented the detailed timing 
of patient flow as reported in our study, including the times of registration, triage, 
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examination and admission (Houston et al. [2015]). Quality improvement measure-
ments were also shared with staff on a monthly basis (Dickson et al. [2009b]). Before 
starting the project, they received brief orientation, as described by Ben-Tovim et al. 
[2007]. Healthcare staff were reorganized after determining the busiest periods in the 
week following Eller [2009]. In the event of high input, a fast-track system was op-
erated in which a nurse/doctor could be quickly made available, following  
Ieraci et al. [2008]. In our project, the main modification was the reorganization of 
human resources; however, ED space was not extended or reorganized, as described 
in several studies (Dickson et al. [2009a], Dickson et al. [2009b], Eller [2009]). 
Nonetheless, the more efficient use of space, such as using all examination rooms, 
was instigated (Dickson et al. [2009b]). 
We focused on radiology examinations because several studies have mentioned 
that reducing turnaround times for radiology imaging reduces the LOS. Chiem et al. 
[2014] showed that waiting times are much shorter for pelvic ultrasounds performed 
by ED residents compared with radiologists. Cournane et al. [2016] reported that 
delays in ultrasound, CT and MRI examinations can lead to longer LOSs in hospital. 
On-site imaging, especially ultrasound, has been shown to significantly decrease the 
LOS in an ED. Recent studies have suggested that dedicated ED radiologists shorten 
the turnaround times of imaging reports (Lamb et al. [2015]). As part of improving 
efficiency in our ED, the radiology examination system was changed following pre-
vious evidence that an on-site radiologist dedicated to working only for the ED sig-
nificantly reduces the turnaround times of imaging studies (Lamb et al. [2015]).  
Furthermore, we controlled for several factors to examine the associations between 
the LOS and daily average patient number, weekend days, discharge/admission, the 
pre-intervention (July 2014) and post-intervention (December 2015) phases, and  
the presence of the radiologist. Using linear multivariate regression, we showed  
that the longest LOSs were shortened by the presence of a radiologist. 
One limitation of our study was that patient satisfaction was not measured  
objectively; however, the number of complaints in the ED did decrease. Financial 
aspects, as they relate to our study, were not measured. Further, data collection is still 
ongoing, however, data analysis has not been performed yet. 
5. Conclusions 
A statistical analysis of the parameters of overcrowding in an Eastern Europe-
an ED was presented. The rearrangement of human resources into a flexible system 
was shown to be important for managing the ED in a time-effective manner.  
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A paper-based monitoring system enabled the feedback of the measured parameters 
in real time. The continuous monitoring and constant feedback were also helpful for 
identifying problems and solving them in a timely manner. The applied robust meth-
ods allowed us to analyse and detect critical points in detail. An on-site radiologist 
contributed greatly to decreasing turnaround times, thereby lowering LOSs.  
The implementation of the measures described in this study could improve the per-
formance of other EDs. To the best of our knowledge, this is the first report of pa-
tient flow data in an Eastern European ED. 
References 
ACEP (AMERICAN COLLEGE OF EMERGENCY PHYSICIANS) [2016]: Emergency Department Crowd-
ing: High-Impact Solutions. https://www.acep.org/globalassets/sites/acep/media/ 
crowding/empc_crowding-ip_092016.pdf 
ASPLIN, B. R. – MAGID, D. J. – RHODES, K. V. – SOLBERG, L. I. – LURIE, N. – CAMARGO, C. A. JR. 
[2003]: A conceptual model of emergency department crowding. Annals of Emergency Med-
icine. Vol. 42. No. 2. pp. 173–180. https://doi.org/10.1067/mem.2003.302 
BEN-TOVIM, D. I. – BASSHAM, J. E. – BOLCH, D. – MARTIN, M. A. – DOUGHERTY, M. –  
SZWARCBORD, M. [2007]: Lean thinking across a hospital: redesigning care at the Flinders 
Medical Centre. Australian Health Review. Vol. 31. No. 1. pp. 10–15. 
https://doi.org/10.1071/AH070010  
BENIUK, K. – BOYLE, A. A. – CLARKSON, P. J. [2012]: Emergency department crowding: prioritising 
quantified crowding measures using a Delphi study. Emergency Medicine Journal. Vol. 29. 
No. 11. pp. 868–871. https://doi.org/10.1136/emermed-2011-200646 
CHIEM, A. T. – CHAN, C. H. – IBRAHIM, D. Y. – ANDERSON, C. L. – WU, D. S. – GILANI, C. J. –  
MANCIA, Z. J. – FOX, J. C. [2014]: Pelvic ultrasonography and length of stay in the ED:  
an observational study. American Journal of Emergency Medicine. Vol. 32. No. 12.  
pp. 1464–1469. https://doi.org/10.1016/j.ajem.2014.09.006 
COURNANE, S. – CONWAY, R. – CREAGH, D. – BYRNE, D. G. – SHEEHY, N. – SILKE, B. [2016]:  
Radiology imaging delays as independent predictors of length of hospital stay for  
emergency medical admissions. Clinical Radiology. Vol. 71. No. 9. pp. 912–918. 
https://doi.org/10.1016/j.crad.2016.03.023 
DERLET, R. – RICHARDS, J. – KRAVITZ, R. [2001]: Frequent overcrowding in U.S. emergency de-
partments. Academic Emergency Medicine. Vol. 8. No. 2. pp. 151–155. 
https://doi.org/10.1111/j.1553-2712.2001.tb01280.x 
DERLET, R. W. [2002]: Overcrowding in emergency departments: increased demand and decreased 
capacity. Annals of Emergency Medicine. Vol. 39. No. 4. pp. 430–432. 
https://doi.org/10.1067/mem.2002.122707 
DICKSON, E. W. – ANGUELOV, Z. – VETTERICK, D. – ELLER, A. – SINGH, S. [2009a]: Use of lean in 
the emergency department: a case series of 4 hospitals. Annals of Emergency Medicine.  
Vol. 54. No. 4. pp. 504–510. https://doi.org/10.1016/j.annemergmed.2009.03.024 
PERFORMANCE IMPROVEMENT OF AN EMERGENCY DEPARTMENT  75 
HUNGARIAN STATISTICAL REVIEW, VOLUME 3, NUMBER 1, PP. 60–76. DOI: 10.35618/hsr2020.01.en060 
DICKSON, E. W. – SINGH, S. – CHEUNG, D. S. – WYATT, C. C. – NUGENT, A. S. [2009b]: Application 
of lean manufacturing techniques in the emergency department. Journal of Emergency  
Medicine. Vol. 37. No. 2. pp. 177–182. https://doi.org/10.1016/j.jemermed.2007.11.108 
DOUPE, M. B. – CHATEAU, D. – CHOCHINOV, A. – WEBER, E. – ENNS, J. E. – DERKSEN, S. –  
SARKAR, J. – SCHULL, M. – LOBATO DE FARIA, R. – KATZ, A. – SOODEEN, R. A. [2018]:  
Comparing the effect of throughput and output factors on emergency department crowding: 
a retrospective observational cohort study. Annals of Emergency Medicine. Vol. 72. No. 4.  
pp. 410–419. https://doi.org/10.1016/j.annemergmed.2018.04.001 
ELLER, A. [2009]: Rapid assessment and disposition: applying lean in the emergency department. 
Journal for Healthcare Quality. Vol. 31. No. 3. pp. 17–22. https://doi.org/10.1111/j.1945-
1474.2009.00026.x 
FORSTER, A. J. – STIELL, I. – WELLS, G. – LEE, A. J. – VAN WALRAVEN, C. [2003]: The effect of 
hospital occupancy on emergency department length of stay and patient disposition.  
Academic Emergency Medicine. Vol. 10. No. 2. pp. 127–133. 
https://doi.org/10.1197/aemj.10.2.127 
GARCIA, J. – HERNANDEZ, P. J. – LOPEZ-NICOLAS, A. [2001]. How wide is the gap? An investigation 
of gender wage differences using quantile regression. In: Fitzenberger, B. – Koenker, R. – 
Machado, J. A. F. (eds.): Economic Applications of Quantile Regression. Springer-Verlag.  
Berlin. pp. 149–168. https://doi.org/10.1007/978-3-662-11592-3_7 
GILCHRIST, W. G. [2000]: Statistical Modelling with Quantile Functions. Chapman & Hall.  
London. 
HANSAGI, H. – CARLSSON, B. – BRISMAR, B. [1992]: The urgency of care need and patient satisfac-
tion at a hospital emergency department. Health Care Management Review. Vol. 17. No. 2. 
pp. 71–75. https://doi.org/10.1097/00004010-199201720-00008 
HAO, L. – NAIMAN, D. Q. [2007]: Quantile Regression. Sage. Thousand Oaks. 
HOLDEN, R. J. [2011]: Lean thinking in emergency departments: a critical review. Annals of  
Emergency Medicine. Vol. 57. No. 3. pp. 265–278. https://doi.org/10.1016/ 
j.annemergmed.2010.08.001 
HOUSTON, C. – SANCHEZ, L. D. – FISCHER, C. – VOLZ, K. – WOLFE, R. [2015]: Waiting for triage: 
unmeasured time in patient flow. Western Journal of Emergency Medicine. Vol. 16. No. 1.  
pp. 39–42. https://doi.org/10.5811/westjem.2014.11.22824 
HWANG, U. – MCCARTHY, M. L. – ARONSKY, D. – ASPLIN, B. – CRANE, P. W. – CRAVEN, C. K. – 
EPSTEIN, S. K. – FEE, C. – HANDEL, D. A. – PINES, J. M. – RATHLEV, N. K. –  
SCHAFERMEYER, R. W. – ZWEMER, F. L., JR. – BERNSTEIN, S. L. [2011]: Measures of crowd-
ing in the emergency department: a systematic review. Academic Emergency Medicine.  
Vol. 18. No. 5. pp. 527–538. https://doi.org/10.1111/j.1553-2712.2011.01054.x 
IERACI, S. – DIGIUSTO, E. – SONNTAG, P. – DANN, L. – FOX, D. [2008]: Streaming by case complexi-
ty: evaluation of a model for emergency department fast track. Emergency Medicine  
Australasia. Vol. 20. No. 3. pp. 241–249. https://doi.org/10.1111/j.1742-6723.2008.01087.x 
JAYAPRAKASH, N. – O’SULLIVAN, R. – BEY, T. – AHMED, S. S. – LOTFIPOUR, S. [2009]: Crowding 
and delivery of healthcare in emergency departments: the European perspective. Western  
Journal of Emergency Medicine. Vol. 10. No. 4. pp. 233–239.  
76  SZABÓ ET AL.: PERFORMANCE IMPROVEMENT OF AN EMERGENCY DEPARTMENT 
HUNGARIAN STATISTICAL REVIEW, VOLUME 3, NUMBER 1, PP. 60–76. DOI: 10.35618/hsr2020.01.en060 
KOENKER, R. [1982]: Robust methods in econometrics. Econometric Reviews. Vol. 1. No. 2.  
pp. 213–255. https://doi.org/10.1080/07311768208800017 
KOENKER, R. [2005]: Quantile Regression. Cambridge University Press. Cambridge. 
KOENKER, R. – BASSET, G. [1978]: Regression quantiles. Econometrica. Vol. 46. No. 1. pp. 33–50. 
https://doi.org/10.2307/1913643 
KOENKER, R. – HALLOCK, K. F. [2001]: Quantile regression. Journal of Economic Perspectives. 
Vol. 15. No. 4. pp. 143–156. https://doi.org/10.1257/jep.15.4.143 
LAMB, L. – KASHANI, P. – RYAN, J. – HEBERT, G. – SHEIKH, A. – THORNHILL, R. – FASIH, N. [2015]: 
Impact of an in-house emergency radiologist on report turnaround time. Canadian Journal 
of Emergency Medicine. Vol. 17. No. 1. pp. 21–26. https://doi.org/10.2310/ 
8000.2013.131235 
LEW, A. A. – NG, P. T. [2011]: Using quantile regression to understand visitor spending. Journal of 
Travel Research. Vol. 51. No. 3. pp. 278–288. https://doi.org/10.1177/0047287511410319 
MOSKOP, J. C. – SKLAR, D. P. – GEIDERMAN, J. M. – SCHEARS, R. M. – BOOKMAN, K. J. [2009]: 
Emergency department crowding, Part 1 – Concept, causes, and moral consequences. An-
nals of Emergency Medicine. Vol. 53. No. 5. pp. 605–611. https://doi.org/10.1016/ 
j.annemergmed.2008.09.019 
PINES, J. M. – HILTON, J. A. – WEBER, E. J. – ALKEMADE, A. J. – AL SHABANAH, H. –  
ANDERSON, P. D. – BERNHARD, M. – BERTINI, A. – GRIES, A. – FERRANDIZ, S. – KUMAR, V. A. 
– HARJOLA, V. P. – HOGAN, B. – MADSEN, B. – MASON, S. – OHLEN, G. – RAINER, T. – 
RATHLEV, N. – REVUE, E. – RICHARDSON, D. – SATTARIAN, M. – SCHULL, M. J. [2011]: Inter-
national perspectives on emergency department crowding. Academic Emergency Medicine. 
Vol. 18. No. 12. pp. 1358–1370. https://doi.org/10.1111/j.1553-2712.2011.01235.x 
RATHLEV, N. K. – ANDERSON, J. – SCHMIDT, J. – HETTLER, J. – GARREFFI, L. – GRAY, M. – NEAL, D. – 
VISINTAINER, P. – BAYSTATE PATIENT PROGRESS INITIATIVE TEAM [2018]: Key players in key 
roles: the Baystate Patient Progress Initiative to improve emergency department efficiency and 
productivity. Journal of Emergency Nursing. Vol. 44. No. 2. pp. 123–131. 
https://doi.org/10.1016/j.jen.2017.10.015 
RODRIGUEZ-CARO, A. – VALLEJO-TORRES, L. – LOPEZ-VALCAREL, B. [2016]: Unconditional quan-
tile regressions to determine the social gradient of obesity in Spain 1993–2014.  
International Journal for Equity in Health. Vol. 15. No. 1. pp. 175–187. 
https://doi.org/10.1186/s12939-016-0454-1 
SAUZET, O. – RAZUM, O. – WIDERA, T. – BRZOSKA, P. [2019]: Two-part models and quantile regres-
sion for the analysis of survey data with a spike. The example of satisfaction with health 
care. Frontiers in Public Health. Vol. 7. No. 146. pp. 7. 
https://doi.org/10.3389/fpubh.2019.00146 
VIDONI, M. L. – REININGER, B. M. – LEE, M. J. [2019]: A comparison of mean-based and quantile 
regression methods for analyzing self-report dietary intake data. Journal of Probability and 
Statistics. Article ID 9750538. pp. 1–5. https://doi.org/10.1155/2019/9750538 
WALDMANN, E. [2018]: Quantile regression: a short story on how and why. Statistical Modelling. 
Vol. 18. Nos. 3–4. pp. 1–16. https://doi.org/10.1177/1471082X18759142 
ZINK, B. J. [2006]: Anyone, Anything, Anytime – A History of Emergency Medicine. Mosby,  
Elsevier. Philadelphia. 
